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The signal observed from multiple receivers: PROPOSED RECURSIVE ARCHITECTURE: (EM) e Parameters :
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ie., Es; | V; ' MAP — S 1) Proposed (proposed recursive method)
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Ry = Ddiag (o(sy)) D' + 021

In summary: -~ KSVD ---MOD == Proposed

e Sources are on-off determined by the hidden Markov chain Conditional Bayes’ Theorem:

e Fach state corresponds to a set of active or inactive sources. s, | V) = ‘E{AtSNt | Vi) = F(s¢) (prob. dist. of the state)

e Given only the observations, find D, M, s; and A. A | Wi}

where F(s;) = diag (Ac(e1), -, M(en.)) AT F(s,_ 1) (recursive!).

PARAMETER ESTIMATION: (A, M and D)
o SUBSPACE CLUSTERING: (data mining, motion segmentation) e Closed-Form Solutions for A. M-
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Iteration

e Dictionary Learning: D’ = D diag(o;)!/?
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Applications: Non-Intrusive Load Monitoring, Hybrid Systems, etc. W . AL

e UNDER-DETERMINED BLIND SOURCE SEPARATION:

= = =KSVD = = = :MOD Proposed Iteration
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